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Abstract: Pavement performance models play a vital role in any pavement management system.
The Regional Government of Biscay (RGB) (Spain) manages a 1200 km road network and conducts
pavement data collections, including the International Roughness Index (IRI) values. The aim of the
paper is to develop an IRI performance model for two-lane roads with flexible pavement until the
first maintenance and/or rehabilitation activity is performed. Due to the huge amount of available
information, a deterministic model was selected. A literature review of deterministic models showed
that, apart from age and traffic volumes, the pavement structure is a key factor. Therefore, it was
decided to analyze the only road stretches whose entire pavement section was known (surface layer
+ base + subbase). Various variables related to age, traffic volumes and employed materials were
introduced as possible factors. The multiple linear regression model with the highest coefficient of
determination and all the variables significant included the real pavement age, the cumulated heavy
traffic and the total thickness of bituminous layers. As the material employed in the surface layer
could affect roughness progression, a qualitative variable was introduced to consider various surface
materials. The model improved its accuracy, indicating that the surface layer material is also an
influencing factor on IRI evolution.
Keywords: International Roughness Index; IRI; pavement performance model; pavement
management system; deterministic models; pavement management; deterioration models; two-lane
roads; flexible pavements
1. Introduction
Road pavement structure consists of various layers with different materials, and they are normally
referred to, from top to bottom, as a surface layer, base, and subbase (the bottom one may be omitted,
and seldom the bottom two layers are omitted), built over a compacted subgrade. At present, there are
two main types of pavement surfaces: Portland cement concrete (PCC) and hot-mix asphalt (HMA),
also known as asphalt concrete. These two materials classify the pavements in the two main categories:
Pavements with PCC are called rigid pavements, and when there is an asphalt mixture layer in the
top, they are referred to as flexible pavements. Apart from the different material in the wearing
course, the load transmission mechanisms developed by each pavement type to achieve the load
distribution requirement are completely different. In the case of flexible pavements, the base course is
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composed of unstabilized aggregates. When the traffic load is applied on top of the pavement surface,
a deformation occurs under the load. With increasing depth, the load is distributed over a larger area.
Thus, higher stresses are present at the surface, and the stress decreases in deeper layers. Therefore,
the materials with the highest quality must be employed at the surface, and in deeper layers, lower
quality materials may be placed. However, sometimes for base and subbase layers, aggregates may be
treated, generally with cement, but also with bitumen or another stabilizing agent, such as lime or
fly-ash [1–4]. Contrary to unbound aggregate bases, chemically stabilized bases distribute loads over
a wider area, and consequently, the stress on the subgrade is reduced [1,5]. Pavements with asphalt
mixture layer(s) over chemically-treated bases or subbases are referred to as semi-rigid pavements [6].
Hot-mix asphalts (HMA), the most usual asphalt mixture, consist primarily of mineral aggregates,
asphalt bitumen and air [7]. As all the asphalt pavements, even the best designed and constructed,
get deteriorated with time, in both flexible and semi-rigid pavements, some additives are included to
enhance the bitumen characteristics. There is a wide variety of additions for hot-mix asphalts: Waxes,
polyphosphoric acids, mineral acids and polymers, such as styrene-butadiene-styrene (SBS), ethylene
vinyl acetate (EVA), polyethylene (PE) [8–12]. The deterioration of asphalt concrete is mainly due to
traffic load, material ageing and environmental effects. The main types of distress that appear in asphalt
concrete are cracking and permanent deformation [7]. These distresses, and other, are evaluated by
highway agencies in order to determine the quality of the road network under their management.
As the total cost for pavement maintenance and rehabilitation (M&R) activities is generally higher
than the assigned budget, road agencies need to optimize available funds by means of Pavement
Management Systems (PMS). PMS may be defined as a “set of tools or methods that assist decision
makers in finding the optimum strategies for providing, evaluation, and maintaining pavements in a serviceable
condition over a period of time” [13]. PMS are dependent on some essential elements: Data collection
of present pavement condition, prediction of future pavement condition by means of deterioration
models, and finally, network and project-level plans for M&R after considering local circumstances
and existing traffic, and available material and financial resources [14]. With regard to the present
condition assessment, highway agencies assess present pavement condition using one or more indices
directly obtained from the highway [15]. Although the surface condition is only a part of the pavement
structure, it is a key factor, as it is the only part in contact with vehicles and it is directly related to road
users’ comfort and safety [16,17]. Pavement surface roughness is a very widely employed characteristic
for assessing the level of satisfaction provided to users, simultaneously providing information about
road surface characteristics [18]. Many indices have been suggested for measuring the longitudinal
profile, such as Present Serviceability Rating (PSR) and Present Serviceability Index (PSI). With the
aim of not depending on the longitudinal profile measurement device, the World Bank conducted
the International Roughness Experiment in Brazil in 1982, which finished in the development of the
International Roughness Index (IRI) [19,20]. Following the algorithm suggested by Sayers [21], it
represents the accumulated suspension stroke of a vehicle, divided by the distance travelled during
the same time period, and it is generally expressed in mm/m or m/km. Due to its stability over time
and transferability all over the world, at present, IRI has obtained an international status, and it is
employed by many road administration as a valid and useful index for measuring riding quality and
helps to identify M&R activities [14,22–28].
The Regional Government of Biscay (RGB), in Spain, manages the entire road network of the
province of Biscay (except the municipal roads), with more than 1200 km in main carriageways
(excluding connections in junctions). The RGB collects IRI data to know the present condition of the
road network, which is included in the pavement management system of the RGB, called State Agenda,
with the usual information that must be introduced in PMS: Pavement structure, traffic volumes,
weather and climate data and conducted M&R works [15].
Using this information of the PMS of the RGB, the aim of this paper is to establish an IRI
performance model for flexible pavements (without treated base or subbase layers) in two-lane roads
until the first maintenance or rehabilitation work is conducted, including the factors that really affect
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the IRI progression in the road pavement. The paper structure is as follows: Section 2 describes how
the information is introduced in the PMS of the RGB. In Section 3, models employed for pavement
deterioration and specifically for IRI prediction are commented, and the model type for Biscay is
selected. Suggested variables for inclusion in the models are defined in Section 4, and obtained results
are presented and discussed in Section 5. Finally, Section 6 exposes the conclusions.
2. Pavement Management System of the Regional Government of Biscay
Biscay is a province located in the north of Spain, included in the autonomous region of the
Basque Country. The province has a population of around 1,150,000 inhabitants and has a surface of
2217 km2. Due to special status of the region, each of the three provinces of the Basque Country has its
own competence regarding the highways and freeways, and hence, the Regional Government of Biscay
(RGB) manages the entire road network in its territory, except the municipal roads, and is allowed to
plan, finance, project, construct, rehabilitate and maintain all the highways. Consequently, more than
1200 km is under the control of the RGB. Bituminous materials are only employed in surface layers,
and hence, only flexible and semi-rigid pavement structures can be found in the road network of
Biscay. In 2010 the RGB decided to create its own pavement management system, called State Agenda.
According to the AASHTO Pavement Management Guide [15], the key inputs that must be introduced
in the database of any PMS are:
• Inventory data; including section-specific road classification, physical dimensions and pavement
material data;
• Traffic history data, including traffic volume in each road section, directional split, vehicle mix,
truck load data, equivalent single axle load (ESAL), etc.;
• Environmental data; with general climatic data in the region;
• Pavement condition data; related to the various indices collected from the road network.
The RGB has introduced a large quantity of inventory data in the software, including road or/and
segment identification data, carriageway geometric data and existing interchanges, bridges, culverts
and drainage structures in the network. Regarding traffic data, the RGB annually publishes the traffic
information about all the roads in the network; including Annual Average Daily Traffic (AADT) of the
road section, including both directions; the percentage of heavy vehicles; and the Annual Average Daily
Traffic of Heavy Vehicles in the project lane (H.AADT). According to Spanish regulations [29], a heavy
vehicle is considered when it weighs over 3500 kg. The project lane is the lane with a higher quantity
of heavy vehicles. With regard to traffic distribution, in two-lane roads, each lane is considered to have
half of both total traffic and heavy traffic. In two-carriage highways (freeways or multilane highways)
with two lanes per carriageway, the lane on the left takes all the heavy traffic in that direction, which
is normally assumed to be the half of both directions. When there are 3 or 4 lanes in the carriage
per direction, the lane on the right is supposed to take the 85% of the traffic in that direction (half of
both directions).
Environmental data are not supposed to be a key factor in Biscay, due to its small area. It has an
oceanic climate, homogeneous over the entire province. The only data in the PMS are the monthly
rainfall (mm) in each of the conservation areas (4) in which is divided the province, and the precipitation
collected 15 days before the skid resistance data collection in 2016 in the nearest meteorological station,
in mm.
With regard to the pavement information, the RGB included these data using information from
projects. Instead of identifying all the pavement structures that can be found in the network with
numerous identifying tests, information about pavement sections is introduced by means of the projects
that were carried out in the network of Biscay by the RGB, since it received the competences over
the road network in 1983. This methodology allowed, including real information in the database,
although it can be incomplete. Despite its incompleteness, all the information is correct, reliable and
was verified. Since 1983 projects implying new outlines are recorded. Since 2000 all the rehabilitation
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and maintenance (M&R) projects are also registered. The following information is introduced in
all projects:
• Project data: Name of the project, author, project type, date of the project, date of works finished,
etc.;
• Pavement information: Road denomination, initial and final points of the roads included in the
project, type of pavement action (one of the most important features: New outline, when all the
pavement section is new, from surface layer to base or subbase; or M&R work, when works only
affect the surface layer), and all the information about pavement layers: Used materials and their
denominations, their thickness and binders.
With this information, two types of files can be extracted from the database for visualization in
each road:
• Pavement Structure file: This file allows observing an entire road, divided into different stretches
according to the known pavement section. When the entire pavement section is known, it shows
all the available data, with the materials and thickness of all layers (surface layer, base and subbase)
and the date when they were constructed. Even for stretches with no complete pavement section,
it provides the available information;
• Surface Layer file: It allows observing an entire road, divided into different stretches as a function
of the material in the surface layer. Even in stretches where all the pavement structure is unknown,
information can be available because the M&R projects since 2000 are recorded in the database. It
also provides information about superficial treatments, such as slurries, if they were conducted,
differentiating them from surface materials.
Finally, the RGB also recorded pavement condition data during data collections, including data
about roughness, skid resistance, structural capacity and surface defects. With regard to roughness
data, as other agencies over the world, the RGB collects roughness data by means of the IRI. IRI data
collection was not carried out every year in the entire network, but only in some specific years: 2000,
2002 (partially, only some roads not recorded in 2000), 2004, 2007, 2011 and 2016. Values were recorded
in summer. IRI data are provided with every 100 m of the road, specifying the exact initial and final
Kilometer Post data of the stretch. In every 100 m-stretch, the value is recorded for both right and left
lane in two-lane roads. For double carriageway, separate data are provided for each carriageway; and
in each carriageway, IRI data for the two lanes on the right are provided, i.e., values in a third or fourth
lane starting from the right (when existing) are not available.
3. IRI Prediction Models
3.1. Types of Pavement Deterioration Models
A pavement performance prediction model can be defined as “a mathematical description of the
expected value that a pavement attribute will take during a specified period of analysis” [30]. In PMS, there are
two fundamental modeling levels: Project and network level modeling. At the project level, models,
and consequently, decisions, are made about specific projects and related to a particular portion of
the network. On the contrary, at the network level, models are developed to predict the average
deterioration for an extensive, linked road network. In this research, as models are aimed for the entire
network, a network level model is adopted.
When considering the nature and the characteristics of the model itself, there are various forms to
classify them. The Pavement Management Guide [15] classifies models in deterministic, probabilistic,
Bayesian and subjective (or expert-based) models. Moreover, it indicates that models can be considered
according to the variables included, classifying them as mechanistic, mechanistic-empirical or empirical.
There are other classifications suggested by other authors [31]. However, despite the wide range of
existing performance models, deterministic and probabilistic models are the ones attracting the greatest
attention and are referred to as the basic groups [32–35].
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Road agencies employ deterministic models when they have historical pavement condition
information or enough survey data to identify statistically-significant pavement deterioration trends.
Regression analyses are conducted for developing these models. They establish a relationship between
two variables or more. Since this relationship between the dependent variable (the predicted one) and
the independent variable or variables, the predictor(s), is not exact, it must be determined the best
statistical fit of the data, generally with the least square regression technique.
Unlike deterministic regression equations, which predict a precise value for an index, probabilistic
models estimate the probabilistic distribution of the expected value [31]. Whereas, both models
can develop the scope of predicting future condition, the probabilistic ones are able to incorporate
uncertainty in pavement performance, which is assumed to be closer to reality [36,37]. Pavement
performance is recognized to be probabilistic in nature, requiring some levels of uncertainty [32,34].
Hence, different forms of probability-based models have been developed over the last three decades [38],
but they are not so employed as deterministic ones. Bayesian and Markov probabilistic models are
attracting the greatest interest and are the most employed ones [31]. Among them, the discrete time
Markov chains is probably the most used probabilistic model in pavement deterioration modeling,
with many examples in the literature [24,32,34,35,37,39–41].
On the other hand, Artificial Neural Network (ANN) models have increased its popularity for
empirical modeling for the last years, by means of parallel computations for knowledge representations
and information processing [42]. It was proved to be useful to solve certain types of problems that are
difficult to solve with traditional numerical and statistical methods. ANN approach does not execute a
series of fixed instructions, as a traditional computer program or statistical analysis do. It solves, in
parallel, to the inputs presented to it during the training period. Some authors regard the ANN as a
“black box”, since the results are produced without establishing causal relationships between input
and output [43,44].
Finally, subjective or expert-based models introduce subjective opinions for performance models
in a less formal way. It can be helpful if historical data are not available, if new practices or materials
are employed or if the administration has little confidence in available data.
Deterministic models, the most widely employed models, establish linear or non-linear relations
between affecting factors and the variable aimed to be predicted and are simple to understand and
apply [45]. Their efficiency has been proved with large experimental and historical data [46,47]. One
disadvantage is that they cannot be extrapolated beyond the limits of the experimental data and
produce a single value of the dependent variable [48]. Hence, calibration is generally recommended
when transferring a deterministic model from one site to another.
Among probabilistic models, Bayesian models combine prior knowledge of certain event
probabilities with observed data (likelihood) to produce an adjusted expression of the event probabilistic
distribution (known as posterior). Their advantage is the capability to incorporate uncertainty, as
well as incorporating expert opinions to supplement historical data when historical data are not
available [48]. The model relies on the prior probability distribution chosen for the analysis. However,
its main disadvantage is that the Bayesian inference includes the evaluation of different posteriors,
which is a comprehensive analysis [49]. Markov chain models have shown that it is possible to develop
these models without a large historical database [14,24,39]. One limitation of this modeling is that it
is based on the Transition Probability Matrices (TPM). Hence, it is necessary to develop a TPM for
each combination of factors that affect the pavement performance, such as, material structure, traffic,
climate, etc. Researchers usually developed a short series of TPMs for all the possible conditions,
gathering them in families, for example, by pavement type [40], by road hierarchy [14,24], by pavement
structure [40,41,45], or by climate [41,50].
ANN modeling does not need a detailed relationship between variables and can be employed
when several variables influence the result [40]. After a training period, new data can be introduced
for evaluation. Nonetheless, modeling is complex, requires a large amount of experimental data, and
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the main limitation is that it acts as a black box, and it is not possible to easily extract the path followed
to explain a solution [51].
Finally, expert-based models, which can be interesting when the road agency lacks complete
historical data, introduce subjectivity in the modeling.
Consequently, due to the great amount of information available in the PMS of the RGB, it was
decided to select the deterministic model for future prediction roughness in the road network of
Biscay. Subjective models were discarded because it was not wanted to provide a biased model with
detailed information available. Moreover, although ANN models can achieve a better coefficient of
determination (R2) [44], they were discarded because they act as a black box, not providing information
about the influence and importance of each parameter or predictor in the final result. Bayesian models
are not necessary because there is no need a model to handle with scarce data. Markov chains are
rejected for modeling because many TPMs should be developed as pavements should be gathered
according to traffic levels, age, and pavement structure (variable materials and thickness of bituminous
and the unbound material layers).
With regard to deterministic models, various forms for the curves can be deployed for best
fitting the data, such as linear, quadratic, sigmoid, etc., and hence, different shapes are adopted for
the deterioration trend. Sometimes, a single independent variable is employed for predicting the
dependent variable. Nonetheless, the employment of multiple linear regressions is more usual, by
means of several statistically significant explanatory variables. The Analysis of Variance (ANOVA)
is commonly deployed to identify these statistically significant independent variables. Moreover, a
scatter plot of the available data is generally analyzed to estimate the model shape better. In multiple
linear regressions, some assumptions are made and must be verified [17,52–54]:
• The relationship between the dependent variables and the independent variables must be linear,
which can be tested by the Pearson coefficient, R. If it is not linear between some variables, they
can be transformed;
• Each observation must be drawn independently from the population, implying that the errors are
independent from one another. This hypothesis can be checked by mean of the Durbin-Watson
statistic, which ranges between 0 and 4. A value of 2 means total independence, and a value
between 1.5 and 2.5 implies independent errors;
• The variance of errors must be equal across all levels, i.e., it must not depend on the observation.
This hypothesis is known as homoscedasticity and can be evaluated with the absence of any
pattern in a plot of the standardized predicted values against the standardized residuals;
• Error must be normally distributed, and it can be verified by a Shapiro-Wilk normality test and
observing whether the errors can be plotted on a straight line in the normal probability plot;
• There is little or no multi-colinearity in the data, which can be tested by the variance inflation
factor (VIF). A value over 10 means a serious multi-colinearity problem.
3.2. Deterministic Models for IRI Prediction
Once a deterministic model was selected to forecast IRI evolution, some deterministic models
from the literature are commented. They may be either based on mechanistic principles (mechanistic
models), field observations (empirical), or a combination of both (mechanistic-empirical).
After supporting the development of the IRI, the World Bank itself developed IRI evolution
models, presented in the documents HDM-III [55] and HDM-4 [56]. Paterson [57] followed a structured
empirical approach for modeling the road deterioration and maintenance effects as the base for
the HDM-III model, relying on the identification of the function form and primary variables that
affect each pavement property from both mechanistic and empirical information and using various
statistical techniques to combine their influence and impact. The main hypothesis is that the various
mechanisms that give rise to roughness changes must be included as components of the model. Hence,
an incremental model was adopted and included five components; structural deformation (deformation
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in the pavement materials caused by the shear stresses produced by traffic loadings), cracking, rutting,
potholing and environmental factors. The roughness model developed by the World Bank in the
HDM-4 was based on the model for HDM-III and also had the same five components, with some
changes. The model proposed by the World Bank in the HDM-4 [56] was also an incremental model,
which is the sum of various components (Equation (1)):
∆RI = ∆RIS + ∆RIC + ∆RIr + ∆RIp + ∆RIe (1)
where ∆RI is the total incremental change in roughness during analysis year, in m/km IRI; ∆RIS is the
structural component of roughness, ∆RIC is the cracking component, ∆RIr is the rutting component,
∆RIp of the potholing component and ∆RIe is the environmental component. All these components
have complex formulae to be calculated.
COST Action 324 [58] had the aim of integrating research studies throughout Europe in the field
of pavement performance. It was conducted by a consortium of 16 organizations from 15 European
countries, and it compiled pavement performance models in use in Europe in that time. With regard to
IRI models, in Finland, the IRI evolution model for Asphalt Concrete overlay is calculated by Equation
(2) and the model for cold mix overlay by Equation (3).
IRI(t+1) = 0.13 + 1.03× IRI(t) (2)
IRI(t+1) = 0.14 + 1.04× IRI(t) (3)
where IRI(t + 1) is the roughness (IRI) prediction for the next year and IRI(t) is the measured roughness
(IRI) at year t.
Similarly, in COST Action 324 [58] it was registered that in Hungary, two models, depending on
different factors, were employed for IRI prediction (Equations (4) and (5)).
IRI = e(a+b×AGE) (4)
IRI = e(a+b×FORG) (5)
where IRI is the roughness (m/km), AGE is the age of wearing course, FORG is the repetition of the
vehicles expressed in passenger car units, and a and b are constants. Similarly, in Sweden [58], the IRI
performance model employed at that time is expressed by Equation (6).
IRI = 1.51 + 4.8× 10−2 ×AGE + 6.97× 10−4 × FI − 5.54× 10−2 ×W
−1.29× 10−3 × th1 + 139×D900 + 2.39× 10−3 × TAGE
(6)
where IRI is expressed in m/km, AGE is the time, since last measure (in years), FI is the freezing index
(in ◦C·days), W is the width of the road, th1 is the thickness of bitumen bound layers (in mm), D900
is the deflection 900 mm away from a 50 kN load applied by FWD (in mm), and TAGE is the total
age of the road (in years). As observed, several factors are introduced, and the positive and negative
influence of each factor is reflected in the signs of the equation.
With the database of the Mississippi Department of Transportation, George [59] developed two















×MSN−0.3438 × TOPTHK−0.1313 ×RES−0.1056 (8)
where IRI is the roughness (m/km), AGE is the age of pavement, since construction or overlaid (years),
CESAL is the cumulative 18-kp Equivalent Single Axle Load (ESAL) applied to the pavement (in the
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heavily trafficked lane) (millions), MSN is the modified structural number, TOPTHK is the thickness of
the top-most overlay (mm), and RES is the resurfacing type.
At present, empirical IRI evolution models continue to be developed for road agencies around the
world. In order to achieve an equilibrium between mathematical complexity and ease of implementation
of a IRI progression model for network-level PMS, Dalla Rossa et al. [60] proposed model as a function
of the initial IRI (post-construction or treatment) and pavement age, taking into account the effects of
climate, subgradre, treatment type, pavement type, traffic loading and functional system (urban or
rural road) by means of calibration coefficients for roads in Texas. Alaswadko et al. [61] presented a new
approach for roughness prediction for sealed granular roads at the network level in Victoria (Australia)
by means of hierarchical multilevel models that were able to account for the correlation among time
series data of the same section and capture the effect of unobserved effects. Factors included as
independent variables were traffic loading, initial pavement strength, Thornthwaite moisture index,
expansion potential of subgrade soils and the rating of drainage systems. Similarly, Choi et al. [62]
proposed a multiple linear regression for roughness evolution based on the Long Term Pavement
Performance (LTPP) program, including as influencing factors the Structural Number (SN), the percent
passing no. 200 sieve, the thickness of top layer, the asphalt content and the cumulative Equivalent
Single Axle Load (ESAL). For roads in north-east Brazil, IRI performance models were developed as a
function of ESAL, SN and precipitation [63].
On the other hand, it can be stated that pavement design, especially in North America, has shifted
from an empirical approach to mechanistic-empirical (M-E) approach [64]. As a consequence of this
trend, the Mechanistic-Empirical Pavement Design Guide (MEPDG) was published in 2008 [65], and
updated in 2015 with a 2nd edition [66]. The MEPDG can be deployed for flexible and rigid pavements
and included the most used pavement structures in North America, including transfer functions
and regression equations for predicting various performance indicators [65,66]. With regard to IRI,
for Hot Mix Asphalt pavement and Hot Mix Asphalt overlays of flexible pavements, Equation (9)
was presented.
IRI = IRI0 + C1 ×RD + C2 × FCTotal + C3 × TC + C4 × SF (9)
where IRI is the predicted IRI value (in./mi), IRI0 is the initial IRI after construction (in./mi), RD is the
average rut depth (inches), FCTotal is the area of fatigue cracking (combined alligator, longitudinal, and
reflection cracking in the wheel path), percent of total lane area, TC is the length of transverse cracking,
including the reflection of transverse cracks in existing Hot Mix Asphalt pavements (ft/mi), C1,2,3,4 are
calibration factors with a value of C1 = 40.0, C2 = 0.400; C3 = 0.008; C4 = 0.015, and SF is a site factor,
calculated by Equation (10).
SF = Age1.5 ×
{




ln[(precip + 1) × (PI + 1) × p200]
}
(10)
where Age is the pavement age (years), PI is the percent plasticity index of the soil, FI is the average
annual freezing index (◦F), precip is the average annual precipitation or rainfall (inches), and p02 and
p200 is the percent passing the 0.02 and 0.075 mm sieves, respectively. The MEPDG also presents the
statistics resulting from the global calibration for flexible pavement and HMA overlays of flexible
pavements. With 1926 points, the coefficient of determination (R2) is 0.56, and the standard error of the
estimate is 18.9 in./mi (0.298 m/km).
Table 1 summarizes the group of factors that are included in each model described before.
Coatings 2020, 10, 97 9 of 22
Table 1. Summary of independent variables considered in IRI models.




Parameters Goodness of Fit
HDM-III [55] Yes Yes Rt, Ph, Cr 1 Yes - Yes SNCK 1 -
HDM-IV [56] Yes Yes Rt, Ph, Cr 1 Yes - Yes SNP 1 -
Finland [58] Yes
Hungary [58] Yes Yes
Sweden [58] Yes Yes D900 1, th1 1
MDOT new pav [59] Yes Yes MSN 1
N = 690,
R2 = 0.35
MDOT overlaid [59] Yes Yes MSN 1, thickness
N = 4109,
R2 = 0.48
Texas [60] Yes Yes Yes Yes Yes Tr, pav 1 Functionality
Australia [61] Yes Yes Yes SNC0 1 Drainage R2 = 0.60
LTTP [62] P200 1 Yes SN, AC, thic 1 R2 = 0.71
Brazil [63] Yes Yes SN 1
N = 18–27;
R2 = 0.94−0.87







1 Rt, Rutting; Ph, potholes; Cr, cracking; SNCK, modified structural number, reduced for the effect of cracking; SNP,
adjusted structural number; D900, deflection 900 mm away from a 50 kN load applied by FWD; th1, thickness of
bitumen bound layers; MSN, modified structural number; Tr, treatment type; Pav, pavement type; SNC0, modified
structural number; P200, percent passing no. 200 sieve; SN, structural number; AC, asphalt content; thi, thickness of
top layer; FatCr, fatigue cracking; LnCr; longitudinal cracking; FI, Freezing Index.
4. Variables Introduced in the Model
As seen in Section 3, the most widely used factors for IRI predicting models are the age of the
pavement (years since construction or the last M&R work), traffic volumes and those regarding the
structural parameters, which include information about materials in the section and their properties.
As commented in Section 2, if a pavement section is described in a project as a new outline when
introducing it in the PMS of the RGB, the complete initial pavement structure is known, with a complete
layer description (surface layer, base and subbase) and the exact date when the road was first in service.
On the contrary, when an M&R work is conducted, if the existing structure is known, the complete
M&R history of the stretch can be analyzed. Nonetheless, if the section was not previously included as
initial pavement, only the surface layer is known.
Due to the importance of the materials in the pavement structure, their thickness and their
properties (Table 1), it was found reasonable to only analyze pavement sections with the entire
pavement structure known, i.e., when the surface layer, the base and the subbase are known, but not
the subgrade.
Consequently, only sections that are completely known were included in the IRI
deterioration model.
On the other hand, when introducing project data in the PMS, projects of the roads included in
the preferential interest (red), basic (orange), complementary (blue), and provincial (green) network
were introduced with detail, as described in Section 3. However, roads of the local network (yellow),
the least important, were not analyzed so deeply due to their low traffic volume and importance for
the global performance of the road network. Although the local network represents the 46.2% of the
total length of the network of the RGB (Figure 1a), the mobility through that network only represented
the 6.5% of the total in 2016 (Figure 1b) [67].
Figure 1. (a) Length of each road network level managed by the RGB in 2016; (b) Mobility in each road
network level managed by the RGB in 2016.
Coatings 2020, 10, 97 10 of 22
A deep analysis road by road was performed, selecting road stretches with a completely known
pavement section and obtaining information from those stretches, since it was open to traffic
until rehabilitation or maintenance works were performed. When an M&R was carried out, the
analysis finished. The following affecting factors were selected as possible influencing variables to be
incorporated into the deterministic model.
4.1. Age
The age of the pavement is a usual factor employed in roughness modeling, and hence, it was
incorporated into the analysis in two different ways. The variable Age indicates the difference between
the natural year when the road stretch was open to traffic and the year of the data collection. As these
dates can vary along the year, the variable R.Age (real age) was also included. It indicates a more
accurate value of the age, after considering the exact dates of opening to traffic and data collection.
The real age is expressed in years with a decimal fraction, where 0.5 represents six months.
4.2. Traffic Volume
Traffic volume is normally introduced in IRI models by means of the Equivalent Single Axle Load
(ESAL), which translates the damage of the different weights of the vehicles on the road to the damage
caused by a standard load. In Spain, the ESAL has a weight of 13 t. Nonetheless, the number of each
vehicle type that crosses each section is unknown in Biscay. Traffic data only differentiate light and
heavy vehicles. With regard to traffic volumes, the following variables were introduced as possible
affecting factors: The Annual Average Daily Traffic of the year of the IRI data collection (AADT) in
vehicles/day; the Annual Average Daily Heavy Traffic (H.AADT) in heavy vehicles/day/lane, in the
project lane; the accumulated total number of vehicles that crossed the section (TotVeh) in thousands and
the accumulated total number of heavy vehicles (TotH.Veh), in thousands. For the last two variables,
the exact date of opening to the traffic of the stretch and the date of the data collection were used to
calculate the values.
4.3. Structural Parameters
As seen in Table 1, structural parameters are employed in IRI predictions, usually by means of the
structural number or variations of it. Nevertheless, this is not a parameter used in Spain, and it is not
available on the database, as no test was conducted to obtain it. Therefore, the structural capacity of a
pavement section was introduced by means of the layer thickness and the used materials. The total
thickness of bituminous layers, TotBit, was included as a parameter to evaluate the contribution of
the bituminous layers to the resistance of the structure. In Spain, two or three bituminous layers are
generally employed. However, this factor did not reflect the different characteristics of each materials,
not making differences between Asphalt Concrete (AC) mixes, discontinuous mixes (BBTM 11A or
BBTM 11B) and porous asphalt (PA). With the aim of reflecting the variables nature of the bituminous
materials, a parameter was created, Structural Stiffness of bituminous layers, SSBit, which is calculated





Bthi × Ei (11)
where Bthi is the thickness in cm of the I bituminous layer, Ei is the Young modulus of the i bituminous
layer (Table 2), and n is the total number of bituminous layers in the section.
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Table 2. Values of the Young modulus for different bituminous materials.
Material Young Modulus (mPa)
Asphalt concrete mixes: Dense (D) and semi-dense (S) 6000
Asphalt concrete (AC) mixes: (G type) 5000
Discontinuous mixes (BBTM A and B) and Porous Asphalt (PA) 4000
Crushed stone 250 1
1 This value is approximate.
In order to reflect the contribution of the unbound base, a similar parameter was created, Structural




Sthi × Ei (12)
where Sthi is the thickness in cm of the non bituminous layer i, Ei is the Young modulus of layer i
(Table 2) and n’ is the total number of non bituminous layers in the section. To obtain a global idea
of the stiffness of the pavement section, calculated individual contribution of bituminous and non
bituminous layers are summed in an additional new parameter, Structural Stiffness total, SStot, which
is calculated as:
SStot = SSbit + SSsub (13)
Since a unique unbound material, crushed stone, is employed in base and subbase layers in Biscay,
the structural contribution of the material can be measured directly with SthCS, which is the thickness
of the crushed stone layer, the one that is present in flexible pavements. The thickness of the layer and
its stiffness are proportional.
4.4. Other Parameters
Some IRI prediction models employed data about cracks and rutting because their presence
increases the IRI values. There is some information about cracks and rutting in the database of the
RGB, but it is incomplete, and hence, it cannot be introduced. With regard to climate factor, it was
commented that Biscay is small and its climate is homogeneous and therefore, not differences can be
seen in the roads over the territory, due to climate factors. Therefore, no climate data is included in the
modeling phase. The initial IRI values of the roads are not registered in the database. The Spanish
standards indicate the maximum values that can be obtained before opening the road to traffic, but
these values are not in the PMS.
4.5. Average Value of a Homogeneous Stretch
When analyzing the IRI values for each individual stretch of 100 m, it was observed a very
wide variance within the stretch with the same predicting values. For example, in a homogeneous
2 km-stretch with the same pavement section from the same project (the same year of construction)
and the same traffic volume (both total and heavy traffic), 20 IRI values of 100 m are available, and
they have a wide range of variance. Consequently, it was decided to calculate the mean IRI for each
stretch with identical characteristics on pavement structure, pavement age (implying it comes from the
same project) and traffic volume, from the data of the 100 sub-stretches in which the IRI values were
available. The calculation of the mean value of a stretch with identical characteristics is logical and
common because the deterministic models in the literature try to predict the mean IRI value derived
from some predicting variables. The variance is also interesting, and it is considered as one of the most
important targets of the probabilistic models, whose aim is to forecast the percentage of the stretch in
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each of the predetermined states. Pavements are said probabilistic in nature [36,37], and this variability
with the same predicting factors certified it.
5. Results and Discussion
5.1. Multiple Linear Regression Model
After grouping the stretches with identical characteristics on pavement structure, age and traffic
volume in the two-lane roads of the network of Biscay with flexible pavements, 105 stretches were
available for modeling. The dependent variable is the mean IRI in these sections, and the possible
predicting variables (independent) were Age, R.Age, TotBit, SSbit, SStot, SthCS, AADT, H.AADT, TotVeh
and TotH.Veh. Initially, the correlation between the dependent variable and each of the dependent
variables was carried out by means of the Pearson coefficient, R, indicating the significance of that
correlation (Table 3).
Table 3. Correlation between IRI and the independent variables (Pearson coefficient, R).











As seen, the best correlations were obtained with Age, R.Age and TotBit. Correlations with SthCS,
SSbit, SStot, TotVeh and TotH.Veh were also high. On the contrary, AADT and H.AADT showed low
correlation with very low significance. In the next step, possible transformations of variables were
analyzed. It was studied the curves that best fit the relationship between the dependent variable
and each of the independent variables. Table 4 shows those equations (curves) that best fit the
relationship. Sometimes, a quadratic or a cubic curve fit better, but if the improvement between the
linear correlation and other ones in the coefficient of determination is very low (∆R2 < 0.05) a linear
model was maintained, implying that the independent variables were not transformed.






Resume of the Model Parameter Estimates
F Sig. DF1 DF2 Intercept B1 B2
Age Potential 0.277 39.494 <0.001 1 103 1.778 0.026
R.Age Exponential 0.280 40.019 <0.001 1 103 1.78 0.026
TotBit Logarithm 0.304 45.022 <0.001 1 103 7.153 −1.702
SthCS Linear 0.101 11.634 0.001 1 103 1.615 0.031
SSbit Logarithm 0.257 35.653 <0.001 1 103 21.744 −1.696
SStot Logarithm 0.225 29.842 <0.001 1 103 22.038 −1.711
AADT Inverse 0.079 8.891 0.004 1 103 2.231 527.196
H.AADT Inverse 0.088 9.997 0.002 1 103 2.23 17.713
TotVeh Quadratic 0.228 15.072 <0.001 2 102 2.364 −1.43 × 10−5 4.71 × 10−10
TotH.Veh Quadratic 0.1477 8.816 <0.001 2 102 2.354 2.05 × 10−7
As shown, different transformations can be made for improving the correlation between each
independent variable and IRI (the dependent variable). Age improves its correlation by means of a
potential transformation (y = abx), but R.Age showed a better correlation by an exponential relationship
(y = eax) (ExpR.Age). For TotBit, SSbit and SStot a natural logarithm transformation is suggested
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to improve the value of R (LnTotBit, LnSSbit and LnSStot). For AADT and H.AADT, an inverse
transformation is recommended, but the value did not improve considerably. For TotVeh and TotH.Veh
a quadratic transformation was applied (TotVeh2 and TotH.Veh2).
With the transformed variables, the influence of each variable in a multiple linear regression
model was tested using forward stepwise regression analysis, by means of Version 24 of the SPSS
Statistics software. Moreover, additional multiple linear regressions models were tested, combining
different variables and their transformations. Apart from a high coefficient of determination, it was
imposed that all the variables were significant (according to the individual Student’s t-test). Table 5
shows some of the analyzed models.
Table 5. Some of the analyzed multiple linear regression models for IRI performance.
Proposed Model R2 Comments and Observations
IRI = Int + ExpRAge + LnSStot + TotVeh2 0.410 All variables significant (p < 0.05). CI = 145
IRI = Int + ExpRAge + LnSStot + TotH.Veh2 0.394 All variables significant (p < 0.05). CI = 148
IRI = Int + ExpRAge + LnSSbit + TotH.Veh2 0.405 All variables significant (p < 0.03). CI = 138
IRI = Int + ExpRAge + LnSSbit + TotVeh2 0.415 All variables significant (p < 0.05). CI = 135
IRI = Int + ExpRAge + LnTotBit+ TotVeh 0.411 Medium significance of TotVeh (p = 0.18)
IRI = Int + ExpRAge + LnTotBit + TotH.Veh 0.416 Medium significance of TotH.Veh (p = 0.1)
IRI = Int + ExpRAge + LnTotBit + TotH.Veh2+TotH.Veh 0.448 Medium significance of TotH.Veh (p = 0.15)
IRI = Int + ExpRAge + LnTotBit + TotVeh2 + TotH.Veh2 0.442 No significance of TotH.Veh2 (p = 0.741)
IRI=Int + ExpR.Age + LnTotBit + TotVeh2+TotVeh 0.472 All variables are significant (p < 0.05)
IRI = Int + ExpRAge + LnTotBit + TotH.Veh2 0.437 All variables are significant (p < 0.05)
Int, Intercept. CI, Condition Index.
From the summary of tested models in Table 5, it can be observed that the variable ExpR.Age
was always significant, a better correlation was obtained with LnTotBit than with LnSStot o LnSSbit
and the cumulated number of heavy vehicles and total vehicles that crossed the section, since it was
opened until the moment of the IRI data collection was also significant if introduced with the quadratic
transformation (TotVeh2 and TotH.Veh2). The best two models were the last ones. The last one employed
the cumulated number of heavy vehicles with a coefficient of determination of 0.437 (R2 = 0.437)
and the one before the last one used as the variable for the traffic the cumulated number of vehicles
of any type, with a better coefficient of determination (R2 = 0.472). Traditionally, deterministic IRI
performance models include the accumulated heavy traffic as a variable for increasing the roughness
as heavy vehicles are said to be responsible for pavement damaging, due to its higher weight, implying
a greater load over the pavement. As a consequence, the parameter ESAL is usually deployed. From
the meaning of the ESAL [13], it can be deduced that the passenger cars (light vehicles) do not imply
great damages on the road, as the effect of heavy vehicles is similar to one produced by thousands of
passenger cars.
The explanation of the better correlation between IRI and the total vehicles (and not only total
heavy vehicles) may be the high correlation between all these variables (TotVeh and TotH.Veh and their
quadratic transformation) (Table 6), which made that they can substitute each other in the models, but,
as seen in Table 5, if both were included, at least one of them became insignificant (7th proposed model
in Table 5). This high correlation between the variables was originated because the percentage of heavy
vehicles in all the analyzed roads, two-lane roads, was similar, and can be stated to be between 5% and
8% of the total traffic in the majority of the roads.
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Table 6. Correlation between the variables related to accumulated traffic (Pearson coefficient, R).
TotVeh TotH.Veh TotVeh2 TotH.Veh2
TotVeh 1 0.925 0.857 0.923
TotH.Veh 0.925 1 0.924 0.843
TotVeh2 0.857 0.924 1 0.910
TotH.Veh2 0.923 0.843 0.910 1
Consequently, although the equation with the accumulated number of total vehicles provided a
better correlation, the one with the accumulated number of heavy vehicles was selected for predicting
IRI evolution, shown in Equation (14),
IRI = 5.353 + 0.68× e0.026·R.Age − 1.411× LnTotBit + 7.941× 10−8 × TotH.Veh2 (14)
where IRI is the predicted mean IRI (m/km) value of the stretch with identical variable values of age,
traffic and thickness of bituminous layers in flexible pavements
R.Age is the real age of the pavement, calculated from the exact data of opening to traffic to traffic
until the moment it is wanted, in decimal fraction, where 0.5 means six months.
TotBit is the total thickness of the bituminous layers in the flexible pavement, in cm.
TotH.Veh is the accumulated heavy vehicles that circulated I the period considered through the
project lane (the lane with a greater quantity of heavy vehicles in the section), since it was opened to
traffic to the moment wanted to be calculated, in thousands of heavy vehicles. Usually, both directions
are supposed to have identical heavy traffic, half of the total.
Tables 7–9 and Figure 2 show the complete statistical analysis of the model.





Squares F Value p-Value Durbin-Watson
Root Mean
Square Error R
Model 29.509 3 9.836 26.114 <0.001 1.448 0.6137 0.661
Error 38.043 101 0.377 R2 Adj. R2
Corrected
total 67.552 104 0.437 0.420
Parameter Estimates Colinearity Statistics
Variable ParameterEstimate
Standard
Error tValue p-Value 95% Confidence Limits Tolerance VIF
Intercept 5.353 0.968 5.531 <0.001 3.433 7.272
ExpR.Age 0.680 0.338 2.011 0.047 0.009 1.350 0.584 1.714
LnTotBit −1.411 0.254 −5.544 <0.001 −1.916 −0.906 0.820 1.219
TotH.Veh2 7.941 × 10−8 0.031 2.568 0.012
1.8 ×
10−8 1.4 × 10
−7 0.685 1.459
Table 8. Coefficient of correlation, R, between the independent variables of the model of Equation (14).
TotH.Veh2 LnTotBit ExpR.Age
Correlations
TotH.Veh2 1 −0.177 −0.557
LnTotBit −0.177 1 0.419
ExpR.Age −0.557 0.419 1
Covariances
TotH.Veh2 0.001 −0.001 −0.003
LnTotBit −0.001 0.065 0.02
ExpR.Age −0.003 0.02 0.036
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Table 9. Colinearity diagnosis of Equation (14).
Dimension Eigenvalue Correlation Index Intercept
Proportions of the Variance
TotH.Veh2 LnTotBit ExpR.Age
1 3.29 1 0 0 0 0.02
2 0.686 2.19 0 0 0 0.67
3 0.022 12.312 0 0.51 0.11 0.20
4 0.002 36.842 1 0.49 0.89 0.11
Figure 2. Analysis in Equation (14). (a) Scatter plot of the standardized predicted values vs. standardized
residuals; (b) Observed values vs. Predicted values.
The hypothesis of multiple linear regression models, commented in Section 3.1, were fulfilled.
As observed in Table 7, the F-test provided a p-value < 0.001, which implied that the proposed
relationship is true and the Student’s t-test of the coefficients of the parameters showed that they were
significant and different from 0 (the 95% confidence intervals for parameters do not include the zero).
The Durbin-Watson statistics was 1.448, verifying the independence of errors and that there is no
autocorrelation. The homoscedasticity was verified in Figure 2a, where no patterns were detected.
One Condition Index was over 30 (Table 9), which could show some problems with multicollinearity.
Nevertheless, there was no significant correlation between the variables which explain the model (Age
and TotH.Veh could be related, but they only had a medium Pearson coefficient, R = −0.557) and the
Variance Inflation Factors were low (VIF < 10) for all the variables. Therefore, it can be stated that there
was no multicollinearity. Residuals followed a normal distribution. Finally, Figure 2b shows the plot
of observed values vs. predicted values, showing that the observations were near the diagonal.
As it can be observed, selected variables showed the real effect on IRI progress. Whereas, age and
accumulated heavy vehicles increased the value of the roughness index, the thickness of bituminous
layers decreased it. With regard to the age of the pavement, it was concluded that it was better to
include a variable indicating the exact age of the pavement, not only the difference between the year
of construction and year of the IRI data collection. Moreover, as it can be regarded in the literature,
Annual Average Daily Traffic (AADT) and Annual Average Daily Heavy Traffic of the year of data
collection were not parameters employed in IRI prediction because the accumulated number of heavy
vehicles was the factor that really influences the road deterioration. Furthermore, when comparing the
thickness of bituminous layers (TotBit), SSbit and SStot, it was observed that TotBit provided a better
model. It can be deduced that, although the crushed stone in the unbound base or subbase contributed
to the structural capacity, it was not as important as the contribution of the bituminous layers, which
can be regarded when comparing the Young modulus of the materials (Table 2). However, SSbit, which
was created to indicate the structural capacity of the bituminous layers better, did not provide a better
correlation with the IRI (Tables 3 and 4), and when introduced in the model, it developed a worse
model than TotBit (Table 5). It can be concluded that the Young modulus was not a vital factor when
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trying to measure the structural contribution of each layer to the entire pavement structure. Other
parameters should be chosen to consider the structural capacity, in a similar way to the Structural
Number and its derivations.
5.2. Generalized Linear Model with a Qualitative Variable
Although the effect of the thickness of the bituminous layers was included in Equation (14), the
influence of the employed bituminous materials was not considered, because SSbit was discarded.
Nonetheless, it seemed reasonable to think that different bituminous materials in the surface layer
also influence IRI progression. Cracking and permanent deformation (rutting) is said to be the main
distress in asphalt concrete layers [7], and they affect directly the roughness [57,65,66]. However, other
pavement defects can appear, such as raveling, potholes, coating failure, stripping, which are not
normally measured at the network level, but affect pavement roughness. Consequently, an additional
qualitative variable was introduced in the model to evaluate the effect of the different bituminous
surface materials in the IRI evolution. The variable was called SurfType. Due to the quantity of each
material in the surface layer: Eighty-two stretches with a semi dense asphalt concrete mix of type AC
16 surf S and 8 with a semi dense AC mix of type of AC 22 surf S, 14 stretches with a discontinuous
mixing (BBTM 11A) or 1 section with porous Asphalt (PA 11), it was decided to establish the categories
indicated in Table 10.
Table 10. Considered material categories for variable SurfType.
SurfType Surface Material
1 AC 16 surf S (semi dense AC with a maximum aggregate size of 16 mm)
2 AC 22 surf S (semi dense AC with a maximum aggregate size of 22 mm)
3 Discontinuous mixing (BBTM 11A) and Porous Asphalt (PA 11)
As a qualitative variable was introduced, it was not possible to develop a multiple linear regression.
In this case, a Generalized Linear Model (GLM) was employed. The GLM is the most general model of
linear regression, including the multiple linear regression model with quantitative variables and the
multiple regression models with qualitative and quantitative models at the same time, and hence, it
includes all the models of analysis of variance (ANOVA) and covariance (ANCOVA) [53]. This type of
models can be developed with the majority of statistical software programs.
Several models were tried by combining the available variables Age, R.Age, TotBit, SSbit, SStot,
SthCS, AADT, H.AADT, TotVeh and TotH.Veh and the qualitative variable, SurfType. The aim was to only
introduce variables that were significant, i.e., variables that really affect IRI progression. After multiple
attempts, the model with the highest coefficient of determination (R2) and all the variables significant
is shown in Equation (15).
IRI = 4.273 + 0.714 · e0.026·R.Age − 1.143 · LnTotBit + 9.534 · 10−8 · TotH.Veh2 + Sur f Type (15)
where IRI, LnTotBit, TotH.Veh and R.Age are defined in Equation (14), and SurfType is a variable that
considers the material of the bituminous surface layer and has the values of Table 11:
Table 11. Values of the variable SurfType in Equation (15).
Surface Material SurfType
AC 16 surf S 0.366
AC 22 surf S −0.205
Discontinuous mixing (BBTM 11A) and Porous Asphalt (PA 11) 0
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Statistical analysis of the model of Equation (15) is shown in Tables 12 and 13 and Figure 3. As
seen, the model improved its prediction, with a coefficient of determination, R2 = 0.482, higher than
the previous model, and with a lower standard estimated error (SEE = 0.583).
Table 12. Test of Between-Subjects effects for the model of Equation (15).












Corrected model 1 32.551 5 6.510 18.415 <0.001 0.482 92.074 1.000
Intercept 6.191 1 6.191 17.510 <0.001 0.150 17.510 0.986
ExpR.Age 1.625 1 1.625 4.596 0.034 0.044 4.596 0.565
LnTotBit 6.225 1 6.225 17.608 <0.001 0.151 17.608 0.986
TotH.Veh2 3.208 1 3.208 9.074 0.003 0.084 9.074 0.847
SurfType 3.043 2 1.521 4.304 0.016 0.080 8.607 0.737
Error 35.000 99 0.354
Total 678.111 105
Corrected total 67.552 104
1 R2 = 0.482. (adjusted R2 = 0.456).
Table 13. Parameter estimates for the model of Equation (15).







Intercept 4.273 1.082 3.950 <0.001 2.126 6.419 0.136 3.950 0.975
ExpR.Age 0.714 0.333 2.144 0.034 0.053 1.376 0.044 2.144 0.565
LnTotBit −1.143 0.272 −4.196 <0.001 −1.684 −0.603 0.151 4.196 0.986
TotH.Veh2 9.534 × 10−8 3.16 × 10−8 3.012 0.003 3.25 × 10−8 1.58 × 10−7 0.084 3.012 0.847
SurfType = 1 0.366 0.184 1.985 0.050 0.00021 0.731 0.038 1.985 0.502
SurfType = 2 −0.205 0.276 −0.741 0.460 −0.753 0.344 0.006 0.741 0.114
SurfType = 3 0 1
1 Set to zero because this parameter is redundant.
Figure 3. Statistical analysis of model of Equation (15). (a) Plot of residuals (standardized), observed
and predicted values; (b) Observed vs. predicted values.
Table 12 shows the test of Between-Subjects effect of the model of Equation (15), where it can be
observed that all the variables were significant (p-value < 0.03). Table 13 presents the estimations of the
parameters (coefficients) of the variables included in the model. The plot of residuals of Figure 3a allows
observing that they were random and independent between them. As the plot of predicted values vs.
standardized residuals was random (there are not any patterns), the residuals were independent. The
residual variances were homogeneous, since the dispersion of the standardized residuals was similar
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among all the values of predicted values. Finally, Figure 3b exhibits the plot of observed values vs.
predicted values, showing that the observations were near the main diagonal.
A similar model with SurfType and TotVeh instead of TotH.Veh was tested, providing a slightly
worse model with a coefficient of determination of 0.481. Therefore, both variables contributed almost
similarly in the model, due to their significant correlation between them, because roads with a similar
percentage of heavy traffic were used for the model. Nevertheless, in this case, the cumulated heavy
traffic gave a better model and it was maintained in the model.
As seen, the material used in the surface layer also influences the IRI evolution, and should be
considered in the model. The coefficient of determination (R2) was improved, from 0.437 to 0.482.
Moreover, the obtained coefficient of determination was similar to one of the models presented in
Table 1, around 0.50, which employed more variables. It was demonstrated that, apart from the
structural capacity of the entire pavement section to resist the traffic loads and meteorological agents,
the wearing course material also affects the roughness progress, and therefore, characteristics like
aggregate gradation (dense, semi dense, discontinuous and porous mixes), coating binder (modified
or not) must be taken into account in IRI models. In the analyzed case of Biscay, when comparing
the influence of employed materials in two-lane roads, the discontinuous mixings (BBTM type) and
porous asphalts showed less deterioration than AC 16 S mixing. Despite the voids that can be found
in discontinuous mixings (between 10% and 20% of the volume) and in porous asphalts (>20% of
the volume), it can be deduced that the modified bitumen provided the necessary stiffness to the
mixing. However, maintaining constant the other variables, the AC 22 S exhibited a better evolution.
Nevertheless, these conclusions about which is the better material for the surface layer cannot be
generalized for other areas, and they are limited to the province of Biscay.
To better show how to use the equation, an example is included. The IRI values were predicted
for a flexible pavement of a two-lane road, with 15 cm of bituminous layers, AC 16 surf S in the surface
layer and an Annual Average Daily Heavy Traffic of 400 heavy vehicles/day in the project lane, with
an increasing rate of 1% each year. The IRI values were predicted for a real age of 5, 10 and 15 years
and are shown in Table 14. The practical limit for IRI calculation is around an IRI value of 4 m/km,
which is the maximum value recorded in the network of Biscay. Before that value, an M&R activity is
usually conducted.
Table 14. Predicted IRI values for the section of the example.






15 5 400 744747 554648 AC 16 surf S 2.41
15 10 400 1527483 2333204 AC 16 surf S 2.69
15 15 400 2350147 5513190 AC 16 surf S 3.12
6. Conclusions
Taking advantage of the detailed information about the road network of Biscay recorded in the
pavement management system of the Regional Government of Biscay, it was developed a deterministic
IRI performance model for two-lane roads with flexible pavements, since roads are opened to traffic
until they are maintained or rehabilitated for the first time. Some conclusions can be drawn:
• A deterministic model is preferable when a large amount of data is available in a complete
database, and the contribution of each factor is wanted to be known;
• Age is a vital factor in IRI progression, and this value must be introduced in the model as precise
as possible. It is preferred a variable that indicates the real age of the pavement, since it was
opened to traffic until the IRI data collection. It can be said that the age indicates the effect of the
environmental agents over the pavement;
• In small regions with homogeneous climate, it was decided not to include any environmental
factor, since their values are very similar from one subarea to another one. Climate factors were
integrated into the variable that considers the age;
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• With regard to traffic volume data, the Annual Average Daily Traffic and Annual Average Daily
Heavy Traffic are not affecting variables. As shown in the literature, the key factor is the cumulated
heavy traffic crossing the section, although in the first model, a better correlation was obtained
with the cumulated total traffic. The reason was that both variables, cumulated total traffic and
cumulated heavy traffic, were very correlated because the model was developed for two-lane
roads with a similar percentage of heavy traffic, between 5% and 8%. However, when introducing
the material in the surface layer as a factor, TotH.Veh gave a slightly better model;
• The structural capacity of the pavement section is an essential variable in any IRI model, and it
is regarded as an unevenness reducing factor. Due to the great difference in structural capacity
between bituminous layers and crushed stone (the base material in flexible pavements), the
thickness of the unbound layer is not an affecting factor. It was introduced the total thickness
of the bituminous layers (TotBit) as the structural factor because it had a better correlation with
IRI. Some variables, including the Young modulus of each material were produced but they were
discarded as they do not improve the correlation of TotBit. The Young modulus seemed not to the
relevant value to be introduced to reflect the structural contribution of each section;
• The material employed in the surface layer is also an important variable. By means of statistical
significance, it was proved that different materials contribute differently to IRI progression, due to
employed aggregate gradations, asphalt binders (modified or not);
• Obtained accuracy, reflected in the coefficient of determination, is similar to the other deterministic
models, but employs fewer variables.
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